Abstract-This paper proposes a method to implement an
I. INTRODUCTION
Recently years have witnessed the development of robotic technology for use in people's daily activities. In the case of mobile robots, autonomous navigation is an essential capability. General robot navigation consists of map formation, positioning within the map, forming a path to a goal position, and controlling the robot in order to follow the path. Hence a map is the fundamental tool for autonomous navigation because the position of the robot is defined on it. Two-dimensional (2D) maps have been commonly used for indoor navigation in recent years because of the rapid development of laser scanner devices. Therefore, a number of approaches to 2D mapbased localization have been proposed for robot navigation in indoor environments [1] - [3] . Research has also been conducted on robot localization using 3D maps for navigation in outdoor environments [4] - [6] . In localization using a 2D map, the positon of the robot is estimated by comparing its 2D scan data at any given time with a horizontal map. In case of outdoor environments, a Global Positioning System (GPS) is an easy method to determine the robot's position. Many studies have considered robot localization using GPS in outdoor environments [7] , [8] . However, when the robot moves close to or in between buildings, the GPS cannot provide accurate positional information. Furthermore, the localizing method based on 2D map is ineffective because it cannot help maintain the robot's horizontal posture because of the unevenness of the terrain in the outdoor environments.
A method that uses 3D maps for robot navigation near buildings is a potential solution to the above-mentioned problem. Therefore, this paper investigates a method to create a 3D map using a mobile robot equipped with a 3D scan device. 
II. MOBILE ROBOT

A. System Configulation
The mobile robot developed in this research is shown in Fig. 1 and its configuration is shown in Fig. 2 [9] . The 3D scan device on the mobile robot consists of a Laser Range Finder (LRF) sensor, a servomotor to facilitate rotation of the LRF in the direction of the pitch, and an encoder to measure the pitch angle. A laser scanner (UTM-X001s, Hokuyo Automatic Co., Ltd.) at an angular resolution of 0.25 (deg) and measurement distance ranging from 0.1 (m) to 30 (m) was used as the LRF sensor. Its field of view is 270 (deg). The resolution of the pitch angle measured by the encoder was 0.09 (deg).
The LRF scans the horizontal plane, and can continuously provide range data and the yaw angle for each scan point. The pitch angle of each scan plane changes by iteratively tilting the LRF, because of which multiple data items about the planes are available with their respective pitch angles. The result is a 3D point cloud set, where the position of each data items can be computed though its pitch and yaw angle information. An IMU sensor is used to measure the posture of the mobile robot. The robot's position is also estimated by using the encoders equipped at both wheels. 
B. Coordinate Transformation
The position of each scan point is computed based on the coordinate transform as below. Fig. 3 shows its schematic representation. The parameters for the coordinate transformation are defined as follow. However, a measurement error can occur in odometry information due to wheel slips, the condition of the terrain, and other causes. Thus, it is necessary to considered this for matching the scan data with the reference data. The robot's position and pose in planar space can be defined using the odometry information,( , , ), and the error, (Δx, Δy, Δ ), as follows.
= + Δ (1)
The coordinates of the i-th scan point with respect to the moving coordinate system fixed to the robot is given by
where and denote sin and cos , respectively. The posture of the mobile robot is changes according to the slope or unevenness of the terrain. Therefore, the coordinates of the i-th scan point in the moving coordinate system should be converted into global coordinates. Here, the posture of the robot is defined as (α, β, γ) . The yaw angle α includes information regarding the rotation of both wheels due to robot motion and terrain condition. Thus it is given by (5) .
The coordinates of the i-th scan point in the global coordinate system is given by (6) .
In the ideal case where there is no error in the measurement system of the robot and the 3D scanner, the exact position of all points can be computed using the measured information. However, the measured data contains errors due to uncertainties of the sensor data itself, i.e., distance and angle error, the slippage of the wheels on the ground, synchronization problems among sensors due to the random motion of the robot, and so on. To reducing the error, a matching method to align the point clouds between the scan data and the reference data is used here. The Iterative Closest Point (ICP) algorithm is widely used for this purpose [10] . A homogeneous transform matrix that matches the scanned data to the reference data is utilized in the ICP algorithm. Hence, the key process is estimating the homogeneous transform matrix based on the correspondence between the two point clouds.
The main process of general ICP algorithm can be summarized in the following three steps: First, the correspondence between the point clouds of the reference and the scanned data are searched. Second, the homogeneous transformation matrix is computed to minimize the square sum of the Euclidean distance between corresponding points. Third, it is determined whether the square sum of the Euclidean distance is sufficiently small. These steps are iterated in the usual ICP algorithm. In this study, the GICP algorithm developed by Aleksandr V. Segal is used for the matching process [11] . It reduces the processing time to search the correspondence points by using a kd-tree algorithm [12] . It divides a calculation space into sub-spaces where the calculation is carried out. Specifically, the correspondence point is determined by comparing the scanned data with the reference data in each space. Hence, the calculation time can be remarkably reduced. In addition, the correspondence between points is calculated by using the Mahalanobis distance instead of Euclidean distance. The Mahalanobis distance is the distance between two points based on a covariance matrix. If the variance is large, it implies a large distance. By contrast, if the variance is small, it implies a small distance. Thus, the Mahalanobis distance is affected by the variance. The homogeneous transformation matrix is computed as the optimal solution so that the square sum of the Mahalanobis distance of the correspondence points is minimized. The position and posture are estimated by iterating these processes. The flowchart of the GICP algorithm is shown in Fig. 4 .
IV. MAPPING
A. Method for Experimental Work
Experiments to test the proposed method were carried out in an outdoor environment near the building that houses the engineering department on the campus of Ehime University. The schematic map of the experimental environment is shown in Fig. 5 , where the trajectory of the robot during the 3D scanning experiment is depict with a broken line starting at "S". All scan data were measured in the manner of "move and stop for scan," whereby the robot stopped when the 3D scanning was being carried out, and then moved to the next scanning position. 3D scanning was performed every three meters during the movement of the robot. Following the measurement of all 3D scan data, the matching process was carried out offline based on the GICP algorithm. During the mapping, 3D data obtained at the start position was considered to be the reference data. 3D data obtained at the next position was matched with this reference data. The matched data then became the new reference data, and the next scan data was registered following the matching process. These processes were carried out iteratively until the final scan. For each matching procedure, the GICP algorithm computed the optimal homogeneous coordinate transform matrix based on its correspondence points. Therefore, the transform matrix computed using a large number of correspondence points is expected to be more reliable. In outdoor environments, such as near buildings, certain parts of the setting, such as those near the corners, can remain hidden from the leaser scan. In such cases, the backside of the corner of the building cannot be detected, and its number of corresponding points is accordingly smaller than that for any other area. Therefore the coordinate transform matrix of such areas has low reliability, and its matching is more difficult than in the usual cases. In order to cope with this problem, 3D scanning near the building corner was carried out in various directions in order to collect as many correspondence points as possible.
B. Experimental Results
The top view of the 3D map created in this study is shown in Fig. 6 . Compared to its 2D schematic rendition in Fig. 5 , one can see that the 3D map is slightly distorted. However, the overall shape of the two maps is coincident. The usual odometry information shows the distorted position and posture information for motion over a long distance due to its accumulation error. Moreover, the error is more severe in case of outdoor navigation. In spite of these problems, the amount of distortion in the 3D map is not significant because each 3D scan data item can be satisfactorily matched with the reference data according to the correspondent points. The 3D map and its rendition of representative areas in the experimental environment are given in Fig. 7, Fig. 8 and Fig. 9 . The areas of A, B and C in Fig. 5 are shown in Fig. 7, Fig. 8 and Fig. 9 , respectively. Area A of Fig. 7 is similar to an indoor environment containing a few steps and a flowerbed. The overall data is slightly noisy because the terrain was not as even as indoor surfaces. Furthermore, there were many small holes in the wall of the right building in Fig. 7 (a) that could not adequately reflect laser rays from the LRF sensor. This is another reason for the noisy data. In case of area B in Fig. 8 , the road had an incline from the building door to the outside. Area C in Fig. 9 shows a bicycle parking lot and flowerbeds in the area.
V. CONCLUSION
By using a matching method based on the GICP algorithm applied to data gathered through a mobile robot equipped with a 3D scan device, a 3D map of an outdoor environment feathering buildings was created in this paper. In map making, it has been observed that some problems, such as noisy scan data due to the condition of building walls (i.e., many small holes and unevenness due to tiles), unstable posture of the robot due to uneven terrain, and the accumulated error of odometry may cause a mismatch between point clouds. Moreover, it is in general impossible to reduce the accumulated error in the direction of the robot's pitch using only the usual matching process. As a method to reduce these errors, scanning in the direction of motion of the robot was selected to include a large number of correspondent scan points, i.e., the scanning wall part, in this study. This can be helpful hint to effectively create 3D maps in other scanning applications.
Localization of the position of mobile robots using the 3D mapping proposed in this study is now being applied. 
